OBJECTIVES: With an increasing aging population, it is important to gain a better 36
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Health Research [FRN-146793] . 29 MRI data used in the preparation of this article were obtained from several 30 sources, data were provided in part by: (1) the Open Access Series of Imaging Studies 31 that volume is a summary statistic of the three-dimensional segmented structure and that 72 it may be neglecting other facets of the structure that also vary with age, such as 73 morphological (i.e., shape-related) characteristics. More directly, it is relatively unlikely 74 that volumetric changes in subcortical structures would change without concurrent 75 changes in the shape of the structure-that is, for a structure to maintain the same general 76 form and merely 'scale' in size. As such, any inter-individual characteristic associated 77 with volumetric differences, such as aging or neurodegenerative diseases, would likely be 78 identified by simultaneously considering both volumetric and morphological properties 79 (additional measures, such as neuropsychological tests and genetic risk factors would also 80 be beneficial). It is an open question, however, as to what measure could be used along 81 with volume to characterize these morphological properties, which are also 82 neurobiologically relevant. Here we sought to examine the sensitivity of different 83 morphological measures in indexing healthy age-related differences in subcortical 84 structures and serving as more robust neuroanatomical markers of aging. 85 A recent study by Madan and Kensinger (2017a) suggested that fractal 86 dimensionality, a measure of structural complexity, might be such a measure. In their 87 study, fractal dimensionality indexed age-related differences better than volume, 88 corrected for intracranial volume (i.e., ICV-corrected unlikely that fractal dimensionality is directly related to neuroanatomical changes-that 96 is, the brain is not changing in fractal dimensionality with age, but rather that there are 97
not-yet-understood systematic changes that fractal dimensionality is sensitive to 98 detecting. If we accept that subcortical structures vary in volume in relation to aging, one 99 must consider how this occurs within the brain as constrained by biology. If the thalamus 100 is decreasing in volume due to age atrophy, it cannot simply 'scale' in-place while 101 keeping the same relative shape. First, subcortical structures share boundaries with other 102 structures-gaps do not appear throughout the brain due to these volumetric decreases-103 so the shape of structures must be inter-related. Second and relatedly, it is likely that the 104 large-scale structural properties of these subcortical structures must also change in their 105 broad curvature. 106
Examining the differences in explained variability (R 2 ) reported in Madan and 107 Kensinger (2017a, Figure 2 ) for volume and fractal dimensionality, as well as the 108 relationship between volume and fractal dimensionality (Madan and Kensinger, 2017a, 109 Figure 5 ) it appears that fractal dimensionality is particularly beneficial, beyond volume, 110 in measuring age-related differences in the structure of the thalamus, putamen, caudate, 111 and hippocampus (see Figure 1 for visualizations of these structures). Here we consider 112 four measures that would each be indexed by fractal dimensionality, but would not be 113 detected by volume: surface-to-volume ratio, sphericity, long-axis curvature, and surface 114 texture. Each of these discretizes shape-related information based on the relative scale of 115 potential structural complexity characteristics. 116
(1) The ratio of surface area to volume can be used as a coarse measure of a 117 structure's compactness and has long been used in characterizing the properties of 3D 118 structures (i.e., stereology) (Lewis, 1976; Weibel et al., 1966) . This ratio value will be 119 relatively small for compact structures, but will be markedly larger for a structure that is 120 more flattened or otherwise spread out. 121
(2) Sphericity, a measure of how closely a shape resembles a sphere, measured as 122 the ratio of the surface area of a sphere with the same volume as the structure, relative to 123 the actual surface area of the structure (Wadell, 1932 (Wadell, , 1935 Wentworth, 1933) . 124
(3) Long-axis curvature was measured by first determining the 'mean meridian', a 125 curved line that went through the central mass of the structure, and has a long-standing 126 history in the characterization of biological structures (Blum, 1973; Yushkevich et al., 127 2006 Yushkevich et al., 127 , 2007 . Long-axis curvature was operationalized as the ratio between the lengths of 128 a curved line (spline) that travels along the mean meridian of the structure, connecting the 129 most extended ends of the structure and traveling through the central mass of the 130 structure, and a line that connects the two ends of the structure using the shortest straight-131 line distance. 132
(4) A remaining morphological feature is the surface texture or roughness of the 133 structure. This measure would correspond higher-frequency in the structure's shape and 134 has previously been investigated in relation to fractal dimensionality in other fields of Glass brain 3D reconstruction constructed based on Madan (2015).
153
By characterizing these distinct morphological measures of subcortical structures, 154 we sought to both attain a better understanding of the shape-related features that were 155 indexed by fractal dimensionality, as well as potentially determine a more precise 156 measure of morphology that is further sensitive to as a neuroanatomical marker of aging. 157
Here we evaluated these measures in explaining age-related variability in brain structure, 
Data analyses 290
Age differences in the subcortical structures was first assessed using regression models 291 examining the relationships between age and volume (or fractal dimensionality) of the 292 structure, with the amount of variance explained (i.e., R 2 ) and Bayesian Information 293 (smoothing parameter set to 0.1), and in the case of several structural measures (i.e., the 297 'Shape' model, described below), a multiple smoothing-spline regression procedure was 298 used, as implemented in the Prism toolbox (Madan, 2016). All regression models 299 reported controlled for the main effect of sex. All regressions with age were conducted 300 such that the age was the dependent variable, rather than the independent variable (i.e., the best-performing model (i.e., ΔBIC = 0 for the best model considered). 320
For the models explaining age-related variability, since they all have the same 321 dependent variable, ∆BIC values can be compared across all subcortical structures and 322 measures. However, for the models with a subcortical structure's fractal dimensionality 323 (FD) as the dependent measure, the ∆BIC values cannot be compared directly. Best-324 fitting models for each structure (thalamus, putamen, caudate, hippocampus, combined), 325 sample (OASIS, DLBS), and dependent variable (age, FD) are shown in bold in Table 1 . 326
Equivalent R 2 and ∆BIC values for models that include more than one measure 327
indicate Prism algorithm (based on relevance vector regression [RVR]; Tipping, 2000) 328 selected the same subset of measures, based on the inherent feature selection (i.e., 329 automatic relevance determination) in RVR. E.g., for the regression models with FD as 330 the dependent variable, if volume was a relatively good predictor, models that included 331 volume along with a shape measure could be based only on the volume measure after the 332 feature selection. As such, these models will all yield an identical output as the volume-333 only model, since the additional measure was removed. In these cases, only the simpler 334 model is shown in bold in Table 1 . 335 336 3. Results 337 Figure 2 and Table 1 show how well each of the morphological measures was able to 338 index age-related differences in the subcortical structures. Surprisingly, the most coarse 339 shape measure included here, surface-to-volume ratio (SV), performed the best out of the 340 four distinct shape measures. Moreover, the aggregate 'Shape' model that included all 341 four of the shape measures generally performed only slightly better than the surface-to-342 volume ratio alone. In both samples, the surface-to-volume ratio explained more age-related variability in brain structure than fractal dimensionality for the caudate and 344 hippocampus. Regression models including shape measures as well as volume (see Table  345 1), further demonstrate that shape-related characteristics were beneficial measures of age-346 related differences in subcortical structure beyond volumetry. 347
Sphericity performed more poorly than surface-to-volume ratio in nearly all cases, 348 despite being closely related measures. Relatedly, the long-axis curvature performed 349 more poorly than expected, together indicating that shape information related to the 350 elongation of the structure is not particularly useful in understanding age-related 351 differences in subcortical structure. Higher-frequency spatial information, i.e., shape 352 texture, also did not seem be very informative either, despite artifactual reasons that it 353 may have been useful (e.g., head motion would lead to smoother estimates of segmented 354 structures, older adults are known to have increased head motion; see Madan & 355 Kensinger, 2016, for a more detailed discussion). 356
When the four distinct shape measures were combined with fractal dimensionality 357 and volume (the gray bar), gains were relatively small relative to fractal dimensionality 358 alone. However, this result is in-line with the primary goal of the study-to better 359 characterize the structural properties that fractal dimensionality was sensitive to, using 360 more interpretable measures of a structure's shape. In this vein we were successful, the 361 aggregate Shape model accounted for 80-90% of the variance in fractal dimensionality in 362 all cases (i.e., for each subcortical structure and sample; see Table 1 ). The principle 363 contributor in explaining age-related variability in fractal dimensionality was the surface-364 to-volume ratio measures, convergent with this measure being the most sensitive to age-365 related differences, of the four shape measures. 366
With regards to individual subcortical structures, we found that fractal 367 dimensionality continued to be indicative of age-related differences in thalamus, even 368 beyond the distinct shape measures considered here. Age-related differences in the two 369 structures with the most elongation, the caudate and hippocampus, were not particularly 370 well explained by any of the shape measures. At least, however, the shape measures did 371 provide a significant improvement over volume, which was relatively unaffected by age. 372
Smoothing spline fits for volume, fractal dimensionality, and surface-to-volume ratio are 373 shown in Figure 3 . These spline fits show that many middle-age adults have comparable 374 volume and fractal dimensionality-for the caudate and hippocampus-to young adults, 375 which is likely related to the poorer age-related differences observed here. Thompson et al., 2005) . However, this 401 measure is borne out of mathematical principles, rather than quantifying a 402 neurobiologically relevant biomarker directly. Here we compared the sensitivity of fractal 403 dimensionality to age-related differences in healthy adults with four distinct shape-related 404 measures that are more biologically relevant than fractal dimensionality: surface-to-405 volume ratio, sphericity, long-axis curvature, and surface texture. Though our results 406 demonstrate that these other shape-related measures are able to explain most of the same 407 variance as fractal dimensionality, we nonetheless suggest that fractal dimensionality is 408 the more useful single measure, as it simultaneously accounts for these shape-related 409 characteristics and also works as a general purpose measure of structural complexity (see 410
Madan & Kensinger, 2016). Nonetheless, the current results indicate that surface-to-411 volume ratio is also a particularly useful biological marker of age-related differences in 412 subcortical structures and should be considered in future studies of age-related structural 413 differences. These results lay the foundation for future ex vivo histological research to 414 examine how aging effects the microstructure of subcortical structures. 415
Here we demonstrate that shape-related measures can be used as robust biological 416 markers of aging using a computational neuroanatomy framework. While fractal 417 dimensionality performed well, the four distinct measures of shape-related characteristics 418 were also sensitive to age, particularly surface-to-volume ratio. Furthermore, the current 419 approach is in-line with the emerging literature on 'radiomics' (Adduru et al., in press; 420
Gillies et al., 2016; Lambin et al., 2012, in press; Parekh & Jacobs, 2016; Yip & Aerts, 421 2016), the use of high-throughput automatic quantitative imaging analyses to calculate 422 structural features related to the shape of brain structures from radiological images, as 423 well as further demonstrates the benefits of open-access data for brain morphology 424 research (see Madan, 2017, for an in-depth discussion). The current findings clarify the 425 age-related differences in the shape, not just volume, of subcortical structures in the brain 426 and provide strong evidence for additional biological markers of aging. 427 
